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Abstract 

Intelligent data processing and mining of histopathological images involve the application of advanced techniques 

and algorithms to analyze and extract meaningful information from digital pathology images. Osteosarcoma is a 

general malignant bone cancer generally established in teenagers and children. Manual diagnoses of osteosarcoma 

is a laborious task and needs skilled professionals. The mortality rate can be minimalized only if it is identified on 

time. Automatic detection systems and new technologies were utilized to classify and analyze medical images that, 

minimalize the dependency on specialists and result in fast processing. Recently, a lot of Computer-Aided 

Diagnosis (CAD) systems were proposed by research workers to diagnose and segment osteosarcoma from 

medical images. Deep learning (DL) algorithms are employed for the automated recognition and identification of 

osteosarcoma on histopathological images (HSI). The study proposes an Improved Tunicate Swarm Algorithm 

with Deep Learning for Osteosarcoma Detection and Classification (ITSA-DLODC) approach on pathological 

imageries. The proposed ITSA-DLODC method mainly enhances the recognition and classification of 

osteosarcoma on HSI. To attain this, the presented ITSA-DLODC method performs feature extraction using 

ShuffleNet convolutional neural network model. Besides, the ITSA-based hyperparameter optimizer is exploited 

to finetune the hyperparameters of the ShuffleNet model. Moreover, the salp swarm algorithm (SSA) with 

convolutional autoencoder (CAE) approach was utilized for the recognition and identification of osteosarcoma. A 

wide range of analyses can be applied to exemplify the higher performance of the ITSA-DLODC methodology. 

The simulation study demonstrated the development of the ITSA-DLODC methodology over other present models 

Keywords: Intelligent data processing; Data mining; Osteosarcoma; Histopathological images; Computer-aided 

diagnosis; Deep learning; Tunicate swarm algorithm 

1. Introduction 

The term Osteosarcoma or Osteogenic Sarcoma can be defined as one type of bone tumor that frequently grows in 

long bones of arms and legs [1]. But it could cultivate in any bone from the bone cells and rarely affects the soft 

tissues presented nearby the bones and also affect all age groups, but the number of infected cases in young adults 

or teens is higher than the other age groups [2]. Osteosarcoma is a general procedure of malignant cancer, which 

happens in young adults, and the average age for this disease detection is 15 years. The diagnosis of Osteosarcoma 

patients is still worst because of the metastatic and aggressive behaviour of cancer [3]. Earlier researchers have 

exposed that the major predictors of diagnosis are a response to chemotherapy, age, tumor dimension, the presence 

of metastasis at prognosis, gender and contribution of the proximal extremity [4]. Osteogenic Sarcoma can spread 

to other parts, primarily to the lungs, and rarely to lymph nodes or bone. Metastases are identified in about 15% to 

20% of newly identified Osteogenic Sarcoma patients, and the 5yrs survival rate for the patient with metastasis 

was just 20%. Thus, initial diagnosis at increased risk of metastases and prompt treatment are significant to 

minimalize the death rate and increase the patient’s survival rate [5]. 
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The task of Osteogenic Sarcoma identification necessitates a lot more professionals and has a time-taking and 

tedious task if done manually [6]. With the arrival of faster processing systems and innovative technology, the 

medical sector has swapped to automatic detection systems that could forecast the probability of a tumor being 

malignant or benign with some certainty [7]. The research community illustrated the growth of computer-assisted 

diagnosis (CAD) systems as means for identifying and segmenting osteosarcoma utilizing different images, which 

includes magnetic resonance imaging (MRI) examinations and computed tomography (CT). MRI and CT scans, 

conversely, have disadvantages. So, the researchers for detecting Osteogenic Sarcoma more precisely than MRIs 

and CT scans [8] use whole slide images (WSIs). The most popular techniques for detecting such cells are by 

staining tissue samples of infected parts with eosin and hematoxylin. A diagnostician inspects the samples under 

a microscope after being stained. WSI of good quality has been utilized in this study [9]. Currently, many machine 

learning (ML)-related researchers were conducted for cancer prognosis, prediction, or evaluating treatment 

response [10]. But some research studies are related to the analytical performance of many ML with deep learning 

(DL) techniques in evaluating lung metastases in OS patients. 

The study proposes an Improved Tunicate Swarm Algorithm with Deep Learning for Osteosarcoma Detection and 

Classification (ITSA-DLODC) model on pathological images. The presented ITSA-DLODC technique performs 

feature extraction using ShuffleNet convolutional neural network (CNN) system. Besides, the ITSA-based 

hyperparameter optimizer is exploited to finetune the hyperparameters of the ShuffleNet model. Moreover, the 

salp swarm algorithm (SSA) with convolutional autoencoder (CAE) approach could be utilized in the recognition 

and identification of osteosarcoma. A widespread range of experimentations is applied to illustrate the greater 

performance of the ITSA-DLODC methodology.  

2. Related Works  

Pan et al. [11] introduced the combination of noise decline convolutional AE and feature cross-fusion learning 

(NRCA-FCFL), which is a common transformer image classification structure to categorize osteosarcoma 

histologic images. Noise reduction convolution AE could effectively denoise histologic imagery of osteosarcoma, 

leading to more pure imageries for classifying osteosarcoma. Vaiyapuri et al. [12] presented an HBODL-AOC 

method (Honey Badger Optimization with DL-related Automatic Osteosarcoma Classification). In this work, 

image pre-processing is effectuated primarily through contrast-enhancing systems. For extracting features, the 

above-mentioned system uses a deep CNN (DCNN)-based MobileNet method that includes Adam optimization 

for hyper-parameter tuning. Lastly, the adaptive neuro-fuzzy inference system (ANFIS) was applied for the HBO 

system in tune membership function (MF) and osteosarcoma classification.  

Gou et al. [13] constructed a classification assistance technique (OHIcsA) related to a generative adversarial 

network (GAN) and active learning (AL). To train the classifier, a small, labelled training set has been initially 

used by the system. After, the useful instances from unlabeled images were chosen for practised annotation. In 

[14], transfer learning (TL) methods, pre-trained CNN, have been implemented to public data on osteosarcoma 

histological imageries for identifying necrotic imageries. Next, to enrich the accuracy of the outputs, TL methods, 

i.e., VGG19 and InceptionV3, are trained and used on WSIs without patches. Lastly, the methods were 

implemented for different classifier issues, i.e., multi-class and binary classifiers. In [15], an active detection 

approach was formulated through the Fractional-Harris Hawks Optimizer-based GAN (F-HHO-based GAN) to 

recognize osteosarcoma at an initial stage. In this study, the F-HHO was modelled by compiling HHO and 

Fractional Calculus.  

In [16], a deep architecture with Siamese network (DS-Net) has been developed. The DS-Net, based on full 

convolutional networks, is made up of a classification network and an auxiliary supervision network (ASN). The 

structure of ASN relies upon the network of Siamese intends to overcome the issue of a smaller trained set (the 

key blockage of DL in healthcare image). The classifier network leverages the attributes derived by the ASN to do 

precise classification. In [17], the author implemented the DL method to classify osteosarcoma cells. Osteosarcoma 

has a typical bone tumor happening mostly in young adults or children. Images of these examples were recorded 

by an optical microscope. 

3. The Proposed Model 

In this paper, an innovative ITSA-DLODC technique for automatic osteosarcoma detection on histopathology 

images. The proposed ITSA-DLODC technique improved the identification and classification of osteosarcoma on 

HI. It follows a sequence of processes, i.e. the ShuffleNet feature extractor, ITSA-based hyperparameter tuning, 

CAE-based classification, and SSA-related parameter optimization. Fig. 1 shows the work flow of the ITSA-

DLODC algorithm. 
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Figure 1: Workflow of ITSA-DLODC algorithm 

A. Feature Extraction 

Primarily, the ShuffleNet architecture has been employed for producing optimal feature vectors. In this work, we 

applied the ShuffleNet, an effective DL architecture that was constructed using mobile devices [18]. The study 

applied the shufflenetv1 version of the pre‐trained ShuffleNet architecture based on the computational resource 

(hardware), to attain improved performance at a lesser computation cost. The presented method is deeper than 

typical CNN using 50 learnable layers, viz, 48 groups and 1 convolution layer followed by the fully connected 

(FC) layer. The model has an overall 172 layers, together with 33 Rectified Linear Unit (ReLU) layers, 1 

Maxpooling layer, 49 Batch normalization (BN) layers, classification, layer 4 average pooling layers, and softmax 

layer. The structure applies 4 pooling layers for reducing the total computation struggle. 

The first layer is the input, which accepts input imageries of 224 × 224 size for processing. The initial convolution 

layer extract features from 224 × 224 images with 24 filters (kernels) of 3x3 size using the stride of 2x2 for 

making the mapping feature. The output of mapping features (convolution layers) is evaluated by: 

𝑠(𝑖, 𝑗) = (𝐼 × 𝐾)(𝑖, 𝑗) = ∑∑ 𝐼

𝑚𝑛

(𝑚, 𝑛)𝐾(𝑖 − 𝑚, 𝑗 − 𝑛)                 (1) 

In Eq. (1), 𝑠 characterizes the resultant mapping feature, 𝐾 denotes the kernel of the existing convolutional layer 

and 𝑖 represent the input image. When executing a convolutional function on the input images, the resultant of size 

0 = ((𝑖 − 𝑘) + 2𝑝)/(𝑠 + 1) was generated, whereas 𝑖 characterize input, 𝑝 means padding, 𝑘 shows kernel size 

and 𝑠 denotes steps. 

The ShuffleNet module using stride of 2x2 obtains the resultant mapping feature of the preliminary convolution 

layer. The ShuffleNet unit contains 3 convolutional functions, viz., 3x3 depthwise convolutions and two 1x1 

pointwise group convolutions. The initial pointwise group convolutional layer is monitored by channel shuffle 

process, 𝐵𝑁 and ReLu activation function. Relu activation is applied since it is direct and effective.  

𝑓(𝑥) = {
0, 𝑥 < 0
𝑥, 𝑥 ≤ 0

                                                       (2) 

Using positive value, the ReLU activate neurons while using negative values, the ReLU deactivate neurons (set 

neurons to zero). The 2nd and 3rd Conv operations, viz., 3x3 depthwise and 1x1 pointwise convolutional layer, 

are followed by 𝐵𝑁. Similarly, this layer completes feature extractor. Softmax activation determines the 

classification possibility through the previous layer. The working process of FC layer was revealed in Eq. (3). 

𝑎𝑖 = ∑ 𝑤𝑖𝑗

𝑚×𝑛−1

𝑗=0

× 𝑥𝑖 + 𝑏𝑖                                                 (3) 
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In Eq. (13), 𝑚, 𝑛, 𝑖 𝑎𝑛𝑑 𝑑 represents the width, height, index and depth of FC layer output, respectively. Moreover, 

𝑤 denotes the weights and  𝑏 refers to the bias.    

B. Hyperparameter Tuning using ITSA 

In this work, the ITSA optimally picks the hyperparameter rate of the ShuffleNet model. TSA is a biologically 

inspired metamorphic optimization algorithm. In the swarm movement of the Mytilus, this algorithm inspires them 

to efficiently survive in highly difficult situations of the ocean [19]. Tunicate has a great talent to define the position 

of food sources in the sea. There exist two characteristics of tunicates like swarm performance and jet momentum 

used to search the food source of the sea. Tunicate define the optimal food source based on the abovementioned 

characteristics. Here, the TSA can be enhanced by the mutation and crossover operators hence it is called an 

improved TSA method which satisfies the load demand of the method. The step-wise procedure can be given as 

follows. 

Step1: Initialized 

TSA input vector gets initiated. 

Ste2: Random generation 

The spontaneous function generates numbers. The lower limits are selected with higher limits. 

Step3: Fitness Assessment 

Determine the fitness of all the search agents. The fitness calculation is defined by the objective function, 

𝑂𝑏𝑗 =  𝑀𝑖𝑛  (𝑣𝑜𝑙𝑡𝑎𝑔𝑒 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛, ℎ𝑎𝑟𝑚𝑜𝑛𝑖𝑐𝑠)                          (4) 

Step4: Position Upgrading 

Based on fitness, the mass behavior of the Mytilus and jet velocity are defined and position upgrading based on 

Eq. (5), 

𝑡𝑝 = (
𝜌

𝑦
+ 1) =

𝑡𝑝
−(𝑦) + 𝑡𝑝 (

𝜌
𝑦

+ 1)

2 + 01

,                      (5) 

Here ⬚̃⬚(𝑦) denotes the location of the tunicate, and 01 shows the random integer. 

Step5: Crossover along mutation: 

By rearranging the Mytilus swarm place, the upgrading function exploits the shortcut with the mutation operator. 

Both individuals generate a new solution package; the shortcut ratio can be accomplished. 

𝑋𝑜𝑣𝑒𝑟 =
𝛿

𝜅
,                                                       (6) 

In Eq. (6), 𝜅 implies the distance of individuals and 𝛿 denotes the count of an individual’s crossover. 

𝑌𝑚𝑢 =
𝜋

𝜇
                                                           (7) 

In Eq. (7), 𝜋 shows transmit point, 𝑎𝑛𝑑 𝐿 represents the distance of individuals. 

Step6: Boundary analysis 

Verify if the renewal searching agent position is inside and outside the limits. 

Step7: Calculation fitness 

Defines the position of Mytilus FF with error operation resolution 

Step8: End 

When the termination condition was satisfied instead of the optimum solution for searching, return to Step 4.  

C. Image Classification using Optimal CAE Model 
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The CAE approach was exploited for automated osteosarcoma detection and classification, The basic principle of 

AE is that a single hidden layer has fewer nodes when compared to other layers in the model and performs as a 

bottleneck [20]. This reduced hidden layer characterizes the relevant features of an image with limited number of 

data. Using image input, AE converts the unstructured data as a feature vector that is handled by other ML 

techniques. Fig. 2 signifies the structure of CAE. 

 

Figure 2: Architecture of CAE 

The CAE is classified into the two major stages of interpreting and encoding. It given below: 

𝑂𝑚(𝑖, 𝑗) = 𝑎 (∑ ∑ ∑ 𝐹𝑚𝑑

(1)

2𝑘+1

𝑣=−2𝑘−1

2𝑘+1

𝑢=−2𝑘−1

𝐷

𝑑=1

(𝑢, 𝑣)𝐼𝑑(𝑖 − 𝑢, 𝑗 − 𝑣))    (8) 

𝑚 = 1,⋯ , 𝑛 

In Eq. (8), 𝐹 ∈ {𝐹1
(1)

, 𝐹2
(1)

, … , 𝐹𝑛
(1)

, } refer to a convolutional filter; with convolution amongst inputs as 𝐼 =
{𝐼1, … , 𝐼𝐷} represent the input by integrating nonlinear functions: 

𝑧𝑚 = 𝑂𝑚 = 𝑎(𝐼 ∗ 𝐹𝑚
(1)

+ 𝑏𝑚
(1)

)𝑚 = 1,… ,𝑚                         (9) 

In Eq. (9), 𝑏𝑚
(1)

 denotes the bias and the count of zeros it is needed to pad the input:  𝑑𝑖𝑚 (𝐼) =
  𝑑𝑖𝑚 (𝑑𝑒𝑐𝑜𝑑𝑒(𝑒𝑛𝑐𝑜𝑑𝑒(𝐼))). Lastly, the encoded convolution is equivalent to: 

𝑂𝑤 = 𝑂ℎ = (𝐼𝑤 + 2(2𝑘 + 1) − 2) − (2𝑘 + 1) + 1                            (10) 

= 𝐼𝑤 + (2𝑘 + 1) − 1 

The decoded convolutional stage generates 𝑛 feature maps 𝑧𝑚=1,…𝑛. The reconstructed outcome I am the result of 

convolutional among the number of mapping features 𝑍 = {𝑧𝑖=1}
𝑛 and number of convolution filtering 𝐹(2). 

𝐼 = 𝑎(𝑍 ∗ 𝐹𝑚
(2)

+ 𝑏(2))                                                             (11) 

𝑂𝑤 = 𝑂ℎ = (𝐼𝑤 + (2𝑘 + 1) − 1) − (2𝑘 + 1) + 1 = 𝐼𝑤 = 𝐼ℎ      (12) 

Eq. (12) demonstrates the decoded convolution with 𝐼 dimensions. The input dimension is equivalent to the output 

dimension. 

SSA is a SI optimizer approach that act out the effort behaviors of the salp populace chain in the sea and was 

proposed in 2017 [21]. Lastly, the SSA optimally selects the hyperparameter values of the SSA. The SSA comes 

under the type of swarm‐based algorithm with the meta-heuristic method. Also, SSA simulates a salp swarming 

while finding food in the ocean. salp forms shoals On the ocean floor named salp chain. In this work, the salp 

leader is at the front of the chain and the remaining salp is named the followers. Like other swarm‐based methods, 

salp position can be determined in an 𝑠‐dimensional searching space, whereas 𝑠 denotes the amount of parameters 

in the presented issue. Thus, the position of each salp is stored in a 2D matrix named 𝜒. Also, it is considered that 

a food source named 𝑃 from the searching space as aim of swarms. Simulation using 2𝐷 space shows that the 

model displays the behavior of the SSA in 𝑛‐dimensional space. 

As demonstrated in the mathematical Eq. (13) a set of 𝑋 salps out of 𝑛 is characterized as a 2D matrix. The food 

source that which salps chain reaches is represented by 𝐹 in the search space. 
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𝑋𝑖 =

[
 
 
 
𝑥1

1 𝑥2
1 … 𝑥𝑑

1

𝑥1
2 𝑥2

2 𝑥𝑑

⋮ ⋱ ⋮
𝑥1

𝑛 𝑥2
𝑛 … 𝑥𝑑

𝑛]
 
 
 

                                             (13) 

The mathematical expression for SSA is given based on the SSA model and the leader location equation is given 

below: 

𝑥𝑗
1 = {

𝐹𝑗 + 𝑐1 + ((𝑢𝑏𝑗 − 𝑙𝑏𝑗)𝑐2 + 𝑙𝑏𝑗)𝑐3 ≥ 0

𝐹𝑗 − 𝑐1 + ((𝑢𝑏𝑗 − 𝑙𝑏𝑗)𝑐2 + 𝑙𝑏𝑗)𝑐3 < 0
                    (14) 

The food source location at 𝑡ℎ𝑒 𝑗 dimension can be specified as 𝐹𝑗. 𝑢𝑏𝑗  and 𝑙𝑏𝑗 upper and lower boundaries of 𝑗-

𝑡ℎ dimensions. The random number is allotted to 𝑐1, 𝑐2 and 𝑐3. The coefficient parameter 𝑐1 is significant in SSA 

since it gives a balance among exploration as well as exploitation abilities. 

𝑐1 = 2𝑒−(
4𝑙
𝐿

)
2

                                                     (15) 

The present iteration is named 𝑙 and the higher iteration count is 𝐿. The random number is uniformly generated 

within [1,0] are variables 𝑐2 and 𝑐3. Here, this parameter determines the next location in the 𝑗-𝑡ℎ dimension 

resulting in negative or positive infinity and the step size. The follower position is upgraded by the subsequent 

equations (Newton’s law of motion): 

𝜒𝑗
𝑖 =

1

2
𝑎𝑡2 + 𝑣0

𝑡                                                                    (16) 

When 𝑖 ≥ 2, 𝑡 shows the time, 𝑥𝑗
𝑖 represents the salp location of the 𝑖-𝑡ℎ followers at 𝑗-𝑡ℎ variable, 𝑣0 shows the 

initial speed and 𝑎 =
𝑣𝑓𝑖𝑛𝑎𝑙

𝑣0
 dimana 𝑣 =

𝑥−𝑥0

𝑡
. Since iteration indicates a time in the optimizer, the conflict among 

iterations is 1, afterwards assuming 𝑣0 = 0, this formula is expressed as: 

𝑥𝑗
𝑖 =

1

2
(𝑥𝑗

𝑖 + 𝑥𝑗
𝑖−1)                                                           (17) 

Where 𝑥𝑗
𝑖 denotes the position of 𝑖-𝑡ℎ followers at 𝑡ℎ𝑒 𝑗-𝑡ℎ dimension.  

Algorithm 1: Pseudocode of SSA 

Input parameters: Population Size, Iteration count, Min and Max Values  

Initializing the salp populace 𝑥𝑖(𝑖 = 1,2,3, … , 𝑛) assuming 𝑢𝑏 and 𝑙𝑏 

While (ending criteria is not met) do 

Evaluate the fitness of every searching agent (salp) 

𝐹 = 𝑡ℎ𝑒 optimum searching agent 

Upgrade 𝑐1 by Eq. (15) 

     For every salp (x) 

         If (𝑖 == 1) 

               Upgrading the leading salp place using Eq. (14) 

          Else 

              Upgrading the follower salp place using Eq. (17) 

           End 

     End 

Adjust the salps dependent upon the lower and upper boundaries of variable 
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End 

return 𝐹 

Output: Global optimum solution 

The salp chain is simulated by Eqs. (14) and (17). 𝐹𝑗 shows the location of the food source at 𝑡ℎ𝑒 𝑗-𝑡ℎ dimension, 

𝑢𝑏𝑗 and 𝑙𝑏𝑗 indicate the upper and lower limits in the searching space at 𝑡ℎ𝑒 𝑗-𝑡ℎ dimensional, and 𝑐1, 𝑐2 and 𝑐3 

represent a random variable that is uniformly generated from the interval. The SSA pseudocode was projected in 

Algorithm 1. The SSA manner grows the FF to obtain higher classifier accuracy. And also determines a positive 

number to signify the superior effectiveness of candidate performances. The decrease of the rate of classifier error 

is supposed as FF.    

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑥𝑖) = 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟𝐸𝑟𝑟𝑜𝑟𝑅𝑎𝑡𝑒(𝑥𝑖) 

=
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑚𝑖𝑠𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑠𝑎𝑚𝑝𝑙𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑎𝑚𝑝𝑙𝑒𝑠
∗ 100                  (18) 

4. Experimental Validation 

The simulation outcome of the ITSA-DLODC system was surveyed on the database [22], comprising 1144 samples 

with a 3 classes as given in Table 1. The database includes 1144 images with resolution of 1024x1024, with the 

subsequent distribution: 263(23%) necrotic tumor images, 345(30%) viable tumor tiles, and 536(47%) non-tumor 

images. Fig. 3 illustrates the sample imageries. 

Table 1: Details on database 

Classes No. of Samples 

Non-Tumor 536 

Necrotic Tumor 263 

Viable Tumor 345 

Total Number of Samples 1144 

 

Figure 3: a) Viable-Tumor b) Necrotic-Tumor c) Non-Tumor 

In Fig. 4, the confusion matrices of the ITSA-DLODC model at osteosarcoma classification can be demonstrated. 

The outcomes highlighted the ITSA-DLODC technique gains effectual identification of three types of samples. 

In Table 2 and Fig. 5, a detailed result of the ITSA-DLODC method with 80:20 of the TRS/TSS can be illustrated. 

The experimental outcome indicates improved outcomes below all classes. For example, with 80% of TRS, the 

ITSA-DLODC methodology offers an average 𝑎𝑐𝑐𝑢𝑦 of 97.81%, 𝑠𝑒𝑛𝑠𝑦  of 96.88%, 𝑠𝑝𝑒𝑐𝑦 of 98.36%, 𝐹𝑠𝑐𝑜𝑟𝑒 of 
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96.69%, and MCC of 94.99%. Furthermore, with 20% of TSS, the ITSA-DLODC system offers average 𝑎𝑐𝑐𝑢𝑦 of 

99.42%, 𝑠𝑒𝑛𝑠𝑦  of 99.22%, 𝑠𝑝𝑒𝑐𝑦 of 99.60%, 𝐹𝑠𝑐𝑜𝑟𝑒 of 99.06%, and MCC of 98.63%.   

 

 

Figure 4: Confusion matrices of ITSA-DLODC algorithm (a-b) TRS/TSS of 80:20 and (c-d) TRS/TSS of 70:30 

Table 2: Classification outcome of ITSA-DLODC model with 80:20 of TRS/TSS 

Class  𝐴𝑐𝑐𝑢𝑦 𝑆𝑒𝑛𝑠𝑦 𝑆𝑝𝑒𝑐𝑦 𝐹𝑆𝑐𝑜𝑟𝑒 MCC 

TRS (80%) 

Non-Tumor 97.49 96.06 98.76 97.30 94.98 

Necrotic 

Tumor 
98.91 97.14 99.43 97.61 96.90 

Viable Tumor 97.05 97.44 96.88 95.17 93.10 

Average 97.81 96.88 98.36 96.69 94.99 

TSS (20%) 

Non-Tumor 99.56 99.04 100.00 99.52 99.12 

Necrotic 

Tumor 
99.56 100.00 99.43 99.07 98.79 

Viable Tumor 99.13 98.61 99.36 98.61 97.97 

Average 99.42 99.22 99.60 99.06 98.63 
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Figure 5: Average outcome of ITSA-DLODC algorithm with 80:20 of TRS/TSS 

Fig. 6 observes the 𝑎𝑐𝑐𝑢𝑦 of the ITSA-DLODC approach in the training and validation model in 80:20 of the 

TRS/TSS. The achieved result shows that the ITSA-DLODC method accomplishes enhancing 𝑎𝑐𝑐𝑢𝑦 values over 

higher epochs. Furthermore, the enhancing validation 𝑎𝑐𝑐𝑢𝑦 over training 𝑎𝑐𝑐𝑢𝑦 exposes that the ITSA-DLODC 

approach attains efficiently on 80:20 of TRS/TSS.  

 

Figure 6: Accuracy curve of ITSA-DLODC algorithm 

The loss study of the ITSA-DLODC methodology in training and validation is defined in Fig. 7. The result 

signified that the ITSA-DLODC methodology obtains neighboring values of training and validation loss. It must 

be stated that the ITSA-DLODC method attains efficiently. 

A complete precision-recall (PR) outcome of the ITSA-DLODC system can be established in Fig. 8. The obtained 

outcomes exhibits as the ITSA-DLODC algorithm results in maximal values of PR. Moreover, it could be clear 

that the ITSA-DLODC model can achieve higher PR values in each class. 
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Figure 7: Loss curve of ITSA-DLODC algorithm

 

Figure 8: PR analysis of ITSA-DLODC methodology 

In Fig. 9, a ROC examination of the ITSA-DLODC approach has been exposed. The outcome described that the 

ITSA-DLODC system resulted in higher ROC values. Moreover, it can be apparent that the ITSA-DLODC 

algorithm can range higher ROC values in every class. 
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Figure 9: ROC curve of ITSA-DLODC algorithm 

In Table 3 and Fig. 10, a complete outcome of the ITSA-DLODC approach is exemplified. The experimental 

outcome represented enhanced performance in every class. For instance, with 70% of TRS, the ITSA-DLODC 

methodology offers an average 𝑎𝑐𝑐𝑢𝑦 of 97.75%, 𝑠𝑒𝑛𝑠𝑦  of 96.34%, 𝑠𝑝𝑒𝑐𝑦 of 98.29%, 𝐹𝑠𝑐𝑜𝑟𝑒 of 96.38%, and MCC 

of 94.68%. Additionally, with 30% of TSS, the ITSA-DLODC methodology gives average 𝑎𝑐𝑐𝑢𝑦 of 98.45%, 

𝑠𝑒𝑛𝑠𝑦  of 97.23%, 𝑠𝑝𝑒𝑐𝑦 of 98.79%, 𝐹𝑠𝑐𝑜𝑟𝑒 of 97.41%, and MCC of 96.24%.   

Table 3: Classification outcome of ITSA-DLODC algorithm with 70:30 of TRS/TSS 

Class  𝐴𝑐𝑐𝑢𝑦 𝑆𝑒𝑛𝑠𝑦  𝑆𝑝𝑒𝑐𝑦 𝐹𝑆𝑐𝑜𝑟𝑒 MCC 

TRS (70%) 

Non-Tumor 98.12 97.79 98.40 97.93 96.22 

Necrotic 

Tumor 
98.12 95.29 99.01 96.04 94.82 

Viable Tumor 97.00 95.95 97.47 95.18 93.01 

Average 97.75 96.34 98.29 96.38 94.68 

TSS (30%) 

Non-Tumor 98.55 98.28 98.82 98.56 97.09 

Necrotic 

Tumor 
98.84 94.44 100.00 97.14 96.48 

Viable Tumor 97.97 98.98 97.56 96.52 95.14 

Average 98.45 97.23 98.79 97.41 96.24 

 

Fig. 11 examines the 𝑎𝑐𝑐𝑢𝑦 of the ITSA-DLODC model in training and validation model at 70:30 of the TRS/TSS. 

The outcome concluded that the ITSA-DLODC approach gains maximal 𝑎𝑐𝑐𝑢𝑦 values over greater epochs. 

Followed by, the improving validation 𝑎𝑐𝑐𝑢𝑦 over training 𝑎𝑐𝑐𝑢𝑦 shows that the ITSA-DLODC system obtains 

effectively under 70:30 of TRS/TSS.  

The loss result of the ITSA-DLODC system in training and validation is exposed in 70:30 of the TRS/TSS in Fig. 

12. The result referred that the ITSA-DLODC algorithm obtains nearby values of training and validation loss. Note 

that the ITSA-DLODC approach reaches effectually in 70:30 of the TRS/TSS. 
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Figure 10: Average outcome of ITSA-DLODC algorithm with 70:30 of TRS/TSS 

 

Figure 11: Accuracy curve of ITSA-DLODC system on 70:30 of TRS/TSS 

A comprehensive PR analysis of the ITSA-DLODC model is well-known on 70:30 of the TRS/TSS in Fig. 13. 

The result stated that the ITSA-DLODC technique results in highest values of PR. Besides, it is noticeable that the 

ITSA-DLODC model gain greater PR values in every class. 
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Figure 12: Loss curve of ITSA-DLODC model on 70:30 of TRS/TSS 

 

Figure 13: PR curve of ITSA-DLODC model on 70:30 of TRS/TSS 

In Fig. 14, a ROC study of the ITSA-DLODC procedure is visible at 70:30 of the TRS/TSS. The result definite 

that the ITSA-DLODC system ensued in better ROC values. Furthermore, it is clear that the ITSA-DLODC 

approach can range higher ROC values on 3 classes. 
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Figure 14: ROC curve of ITSA-DLODC methodology on 70:30 of TRS/TSS 

A detailed comparison outcome of the ITSA-DLODC model with other techniques is shown in Table 4 and Fig. 

15 [3]. The simulation outcome highlighted that the CNN and SVM model gains poor results over existing 

techniques while the VGGNet model reaches slightly increased outcomes. Simultaneously, the K-means and 

VGG19 model offers moderately closer results. Meanwhile, the NRCA-FCFL and SGDM models accomplish 

reasonable performance with closer 𝑎𝑐𝑐𝑢𝑦 of 99.01% and 99.10% correspondingly. 

Table 4: Comparative outcome of ITSA-DLODC algorithm with existing methodologies 

Methods 𝐴𝑐𝑐𝑢𝑦 𝑆𝑒𝑛𝑠𝑦  𝑆𝑝𝑒𝑐𝑦 𝐹𝑆𝑐𝑜𝑟𝑒 

ITSA-DLODC 99.42 99.22 99.60 99.06 

CNN 84.00 95.51 98.81 95.66 

K-means 95.50 97.00 95.72 97.79 

VGGNet 92.00 96.63 97.28 96.97 

VGG19 96.00 96.82 95.80 98.31 

SVM 89.90 97.08 95.03 95.31 

NRCA-FCFL 99.01 97.22 96.18 96.38 

SGDM 99.10 97.90 95.59 95.16 
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Figure 15: Comparative outcome of ITSA-DLODC approach with recent methodologies 

However, the ITSA-DLODC technique exhibits maximum performance with 𝑎𝑐𝑐𝑢𝑦 of 99.42%, 𝑠𝑒𝑛𝑠𝑦  of 99.22%, 

𝑠𝑝𝑒𝑐𝑦 of 99.60%, and 𝐹𝑠𝑐𝑜𝑟𝑒 of 99.06%. Therefore, the ITSA-DLODC technique shows promising performance 

over other recent DL approaches. 

5. Conclusion 

In this paper, a novel ITSA-DLODC approach was presented for automatic osteosarcoma recognition on HSI. The 

proposed ITSA-DLODC technique improved the recognition and classification of osteosarcoma on 

histopathological images. It follows a sequence of processes namely ShuffleNet feature extractor, ITSA-based 

hyperparameter tuning, CAE-based identification, and SSA-based parameter optimizer.  To achieve this, the 

presented ITSA-DLODC approach completes feature extraction utilizing ShuffleNet convolutional neural network 

model. Besides, the ITSA-based hyperparameter optimizer is exploited to finetune the hyperparameters of the 

ShuffleNet technique. Moreover, SSA with CAE approach was employed for the recognition and identification of 

osteosarcoma. A huge range of experimentations is completed to exemplify the superior result of the ITSA-

DLODC methodology. The simulation analysis demonstrated the improvement of ITSA-DLODC system over 

other existing techniques.  
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